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Abstract 
Direct marketing firms want to transfer their message as efficiently as possible in 
order to obtain a profitable long-term relationship with individual customers. Much 
attention has been paid to address selection of existing customers and on identifying 
new profitable prospects. Less attention has been paid to the optimal frequency of the 
contacts with customers. We provide a decision support system that helps the direct 
mailer to determine mailing frequency for active customers. The system observes the 
mailing pattern of these customers in terms of the well known R(ecency), F(requency) 
and M(onetary) variables. The underlying model is based on an optimization model 
for the frequency of direct mailings. The system provides the direct mailer with tools 
to define preferred response behavior and advises the direct mailer on the mailing 
strategy that will steer the customers towards this preferred response behavior.  
1. Introduction 
 
Both in business-to-business and in consumer markets direct mailings are an 
important means of communication with individual customers. Typically direct 
marketing models select addresses for a single mailing (Roberts and Berger (1999)). 
These models will predict future response behavior of individual customers from 
previous behavior, social demographic variables or other available information. 
Stochastic models that describe the response behavior of the customers include binary 
choice models (Bult and Wansbeek (1995)), neural networks (Levin and Zahavi 
(1996), R. Potharst, U. Kaymak and W. Pijls (2001)) and Markov chains (Bitran and 
Mondschein (1996), Gönül and Shi (1998), Piersma and Jonker (2000)).  
 
These mathematical models for the support of mailing decisions have a major 
drawback: some consumers are left alone and other (those considered as the most 
profitable prospects) receive a mailing at every mailing occurrence. This paper will 
study different mailing approaches that might overcome this “nag-them-or-leave-
them-alone” observation. Its philosophy is based upon the following principles: 
 
Principle 1: The mailing decision is how many mailings active customers will receive 
over a bounded time horizon.  
 
For a direct marketing firm a mailing is not a one time event, but part of a flow of 
mailings sent over a longer period of time. Making a selection for one mailing 
neglects the dynamics in responding to a mailing: the decision to send a mailing today 
influences the probability that a person will respond to the next mailing. We will 
consider multiple mailings and the corresponding responses over a bounded time 
horizon. For each customer it is decided how many mailings to send during this time 
period in order to create maximal response according to certain long-term profit 
maximizing criteria.  
The resulting mailing strategy is completely different from the "single mailing" 
models that are evaluated for every separate mailing occurrence. Our model is solved 
only once during the time horizon and decides only on the number of mailings to send 
during this time interval for each customer in the database. If the decision is to send at 
least one mailing then the customer is selected for a future mailing; the exact mailing 
occurrence used for these mailings can be determined through strategies for the timing 
of mailings.  
 
Principle 2: The preferred response behavior is modeled as a combination of profit 
maximization and response criteria and is specified by the direct mailer. 
 
The main goal of direct marketing firms is to obtain a profitable long-term 
relationship with its customers. Bitran and Mondschein (1996) model this goal by 
optimizing customer lifetime value over a number of future mailing instances. Their 
model decides on who to mail and on the number of mailings to send to this 
individual at the next mailing instance. Customer lifetime value is defined as the total 
discounted net future profits (Berger and Nasr, 1998). Gönül and Shi (1998) extend 
this concept by considering the total discounted profit over an infinite horizon for the 
mailing decision for a single mailing instance. As Bitran and Mondschein remark, it 
can be more profitable to postpone a mailing to a customer to the next mailing 
occurrence, even though the customer is more likely to respond to this mailing than 
other customers. Using long-term profitability instead of probability to respond to the 
current mailing as the objective will overcome this problem. The model by Gönül and 
Shi is actually based upon comparing the expected future profit of sending a mailing 
to that of postponing the mailing. We feel that this concept could be further exploited. 
To obtain a long-term relationship with a customer one should strive at a customized 
strategic mailing policy. By considering mailing frequency instead of single mailing 
decision models, one is able to include a sparse mailing pattern for less profitable 
customers. This enables the direct mailer to maintain some relationship with 
seemingly less profitable customers.  
 
Also, single mailing decision models cannot model different philosophies that lie 
behind a direct mailing campaign. If a direct mailer is interested in a large group of 
active customers he is likely to send many customers mailings based on a single 
mailing decision model. With a multiple mailing strategy the direct mailer can 
alternate between sending and not sending mailings to each customer, hoping that the 
customer remains active without sending wasteful mailings. Other philosophies 
include high response, high quality response, homogeneous response etc. One would 
like to incorporate these different visions and expectations in the mathematical 
models. Existing models do not incorporate management input. As a result the 
“optimal” direct mailing campaigns usually advise to send the most profitable 
customer an abundance of mailings and leave other customers alone completely. Only 
by incorporating all the wishes of the direct mailer can the resulting campaign be truly 
considered as optimal. We provide a decision support tool that adjusts the objective 
function according to input from the management. The possibilities for this input are 
further explained in the paper. Stochastic dynamic programming models are well 
suited to model the mailing frequency problem. Our objective is to maximize long-
term profits through a mailing strategy that maximizes the probability that an 
individual will enter (and remain in) the most profitable states (these states are 
defined within the context of our model). 
 
The model is operationalized by a decision support program on an Excel platform 
using underlying Visual Basic code. The support tool allows the user to define 
profitable states and calculates the optimal action for every state. Also the model 
returns a large number of statistics that help the user determine more profitable 
mailing policies beyond the expected revenue. The tool is used by a large Dutch 
fundraiser and their experiences are also reported in this paper. 
 
The remainder of this paper is as follows. In Section 2 we model the mailing 
frequency problem. In Section 3 we define a number of mailing scenarios that 
incorporate management views and intentions. The model is applied to data for a large 
Dutch Charitable organization. We have extensively tested scenarios in cooperation 
with their management and report the results in Section 4. In Section 5 we take a 
different view, the managements´ own intuition is used to find a mailing policy that 
fits their view. Part of the policy is set by the manager, and part is based on the 
mathematical model. These alternative mailing policies are compared to the policies 
created using only the mathematical model.  
  
2. Modeling the mailing decision process 
 
2.1. Markov decision process 
 
The mailing decision process is defined as a frequency problem over a series of finite 
time periods. In each time period the decision is how many mailings to send to each 
individual customer. This decision process is modeled through a Markov decision 
chain in the spirit of Gönül and Shi, Bitran and Mondschein and Piersma and Jonker. 
 
In our model, a customer is classified into a state S according to the mailing intensity 
and response in the previous time period. The customers are characterized by the 
response history and this history is recorded by the well known Recency, Frequency 
and Monetary (RFM) characteristics as follows.  The state of a customer at the end of 
time period t is defined as a three dimensional vector S[t] = ( m[t], r[t], d[t] ). The 
first element m[t] reflects the number of mailings that were received in period t. The 
second element r[t] holds the number of mailings that the customer responded to in t 
and the third element d[t] gives the total amount spent by the customer in t. This 
amount is divided into a finite number of classes. Given a state S[t] of customer i at 
time t, the direct mailer decides on the number of mailings that this customer will 
receive in period t+1. This action is taken at the beginning of time period t+1. The 
states are thus measured at the end of period t, before the decision on the number of 
mailings for the period t+1 is made. The next state is then observed at the end of time 
period t+1. We assume that the direct mailer will take the same action whenever the 
customer is found in the same state. The collection of actions for all possible states is 
called a (mailing) policy.  
 
Given a mailing policy the customer may respond a number of times. This response is 
recorded by the total amount spent and by the number of mailings that the customer 
responded to. Depending on the action a of the direct mailer taken for a customer that 
is found in a certain state s in the previous period, there is a (one-step) transition 
probability psj(a) to the state j in this period. This probability thus depends on the state 
in the previous period and the action taken by the fundraiser. These transition 
probabilities are calculated through Maximum Likelihood estimation. With these 
transition probabilities one can calculate the steady state probabilities for each state 
using the standard Markov equalities (e.g. Puterman (1994)). 
For a customer in a given state S[t]=s  we define an expected reward for period t+1 as 
the total amount donated by this customer in time period t+1 given the number of 
mailings sent by the direct mailer as follows: 
For every state s we record a monetary value representing the average size of the 
contribution from customers observed in this state by rs. Then we define the expected 
net reward r[s,a] for period t+1 for a customer observed in state s at the end of a 
period and with action a taken by the direct mailer as: 
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where ca represent the costs a sending a mailings. 
An expected reward thus depends on the state of the customer and the action taken by 
the direct mailer. 
 
2.2. Objective function  
 
The direct marketing firm is interested in maximizing profits. Sending all the 
customers in the database can be a profitable strategy when the costs of sending a 
mailing are low. However, even when the costs are low, sending all the customers a 
maximum number of mailings is usually not a preferred strategy. A direct mailing 
company will want to minimize the "waste" or non-response from a cost minimizing 
perspective but also from a customer perspective: sending unwanted mailings can 
harm the relationship with a customer as it can lead to irritation towards the firm. This 
results in a careful consideration of the number of mailings that should be send.  
 
In practice companies compare different mailing policies on the basis of a number of 
criteria. A straightforward measure is the response rate. A drawback of the use of 
response probability is that it could favour selections that consist of customers that 
respond often but spend a relatively small amount. Therefore it is advisable to also 
consider some measure of the generated revenues such as the average revenue per 
mailing sent. This measure incorporates both response frequency and revenue. 
However, if a small number of people respond but spend a high amount on response, 
then they will score equally compared to a group that has a high response percentage 
but a low amount spent per response. If the company wants to make a distinction 
between these groups, it should consider the average amount spent by the individuals 
who have responded. 
 
If one would apply a different policy every year it is not clear which of the policies 
applied is responsible for an increase or decrease in revenues. Only by applying the 
same policy for a number of years and comparing that policy with another one that 
has been applied for a number of years one can distinguish between these policies 
with respect to profitability. But in practice there is not enough data for all different 
policies. A theoretical measure for the sum of the revenues over a period of time is the 
long-run average reward. This measure reflects the average total donation per year if 
the same policy is followed over an infinite number of years. It can be seen as an 
honest comparison for the effectiveness of different policies. 
Our goal is to get individuals into states that are most beneficial to the firm. These are 
states where revenue is high and non-response is low. Also, we want individuals to 
enter these states as soon as possible.  We illustrate the usefulness of this approach by 
the following example: Suppose  a mailing costs 2 guilders. Consider the state 
(3,1,50) where the customer responds only once to three mailings with a response of 
50 guilders. If one could have the same response with one mailing (state (1,1,50)) 
then the net reward will be higher. However, if an additional mailing would trigger an 
additional response (say of size 50) resulting into state (4,2,100), the net reward will 
increase. Clearly states (1,1,50) and (4,2,100) are preferred over state (3,1,50) with 
respect to net reward. However some states are not as easily distinguished. State 
(1,1,10) has smaller reward than state (3,1,14) but sends less mailings, resulting in the 
same net reward. When budget restrictions are in use, state (3,1,14) may not be 
preferred because of the higher cost, but otherwise the mailer may prefer 3 mailings in 
order to enhance visibility of the direct mailer (Bitran and Mondschein also address 
the problem of how many mailings will trigger a response, but restrict themselves to 
the same mailing occurrence). 
The direct mailer can prefer to minimize the number of mailings, to maximize the 
response percentage or to maximize response size or any combination of these three. 
To give the direct mailer the control over the multiple objectives, every state is 
assigned a weight that reflects the relative preference of this state. The optimal 
mailing policy is then based on the long-run average weighted probability to observe 
customers in certain states. When state s(t) is given weight ws(t) then the objective can 
be expressed by 
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where r[s(t),a] is the expected net reward when action a is taken in state s(t) as 
defined in the previous section and α is the discount factor for rewards in the future. 
If  all states have a weight of one then the objective function will become the standard 
total average discounted net profit criterion for stochastic dynamic programming 
(Ross 1983, Ch 4.). The existence of the optimal policy is guaranteed in our model for 
every nonnegative weight. The model can be solved by the linear programming, 
policy iteration or value iteration. We have implemented a fast version of the value 
iteration algorithm (Tijms, 1994, p. 208 and 210). 
 
3. Calibration of the model 
 
Our model is calibrated using data from a Dutch charitable organization. It consists of 
the complete mailing and response history from February 1994 till December 1999. 
There are approximately 600,000 customers in the data set. For each customer there is 
a record with personal information (postal code, registration number, house number),  
customer information (when active, how was the customer approached, current status, 
date inactive, reason inactive etc), and mailing information (date of each mailing, date 
of each response, size of the response).  
The organization uses a planning horizon of one year. At the beginning of each year it 
is determined who of the active donors will receive 0, 1, 2, 3 or 4 mailings. New 
donors are also actively recruited each year. This makes the composition of the 
database dynamic: there are those who enter and there are those who become inactive. 
The data set consisted of a number of mailings to old customers and a number of 
mailings to new customers in each year. We consider a subset of 325.000 customers 
who have been active (in the sense that there is a record with the correct address and 
the customer has an active status) over the time period [1994, 1999]. 
 The fund uses at most 4 mailings per year, so the response of the customers is limited 
to at most 4 reactions per year. Hence, each year five possible actions can be taken. A 
careful comparison of the donations showed that the amount donated per year can be 
aggregated into five intervals [0,10], (10,25], (25,50], (50,100], (100,+) (in Dfl). A 
representable giftsize in each of these states is 7.5, 22.5, 40, 87.5 and 150 
respectively. There are thus exactly 55 states2.  Table 8 (in the Appendix) shows the 
main characteristics of each state for loyal customers, defined by the customers that 
are active from the beginning of 1994 till the end of 1999.   
 
4. Decision support tool: Standard scenarios 
 
With the definition of the states in terms of RFM variables the direct mailer can 
identify preferable states in terms of customer profitability and mailing intensity. A 
specification of the weights for all the 55 states is defined as a scenario. Our decision 
support system contains four standard scenarios and the option for the customer to 
define other, customer specified, scenarios. The support tool shows the 55 states and 
the weights that (can be) assigned to each state.  
The standard scenarios are 
1. Equal weights 
All states are equally important, and have weight 1. This scenario gives the standard 
mailing frequency problem that optimizes the long-term discounted reward. 
2. Efficiency: emphasize fewer mailings 
The states that will receive a high weight are those where an individual receives no 
more than 3 mailings per year. The states that will have a lower weight are those 
where an individual receives four mailings. The high weight is set to 100, and the low 
weight to 1. These weights "encourage" being in a state where less than the maximum 
of four mailings are sent. The size of the weight is arbitrary, but should be large 
enough to notice any effect.  
3. Profitability: emphasize high profitable customers 
                                                          
2 To be precise with 5 possible donation sizes and at most 4 mailings: 0 mailings (1 state) + 1 mailing 
(5 x 1 +1 (no reaction) states)  + 2 mailings (5 x 2 + 1) + 3 mailings (5 x 3 + 1) + 4 mailings (5 x 4 + 1) 
= 1 + 6 + 11 + 16 + 21 = 55 states 
In this scenario the customers are weighted according to their profitability. More 
profitable customers donate more often and donate more. We measure the profitability 
by the gift size and the response percentage. Specifically, 
Weight 1 is assigned to all the states  
- with gift size at most fl 10, i.e. gift class 0 or 1, or 
- with a response percentage of at most 25%.  
These customers are assumed to be less profitable or need too much encouragement 
before they respond. 
Weight 50 is assigned to all the states that respond at least 25% but  
- with gift size at most fl 25, or  
- with a response percentage no more than 60%.  
The states that will receive a high weight with size 100 are those where the gift size is 
at least fl 25 and the individual responds frequently, that is with a response percentage 
of at least 60%. 
 4. Participation: emphasize responding customers 
This scenario steers towards maximal participation of customers, defined by at least 
one response per year. We therefore consider two weights 
Weight 100: all the customers that respond at least once. 
Weight 1: all the customers that do not respond.  
 
The user cannot change the weights of standard scenarios. However we included an 
option where the user overrules the advise of the support tool by fixing the action for 
a certain number of states.  If one then calculates the optimal policy for a scenario, the 
underlying model fixes the action for these states and determines only the optimal 
actions for the remaining states. The use of this option is exploited in Section 6.  
5. Results 
 
The optimal policy is determined using the Markov decision model as described 
before. The parameters that need to be specified to the model are the average profit 
for each state and action and the transition probabilities between the states under each 
number of mailings. All these parameters are estimated using maximum likelihood 
estimation using all the customers in the database.  
 
The profitability of the policies is evaluated for a subset of 325,000 loyal and active 
customers that is selected randomly from the database. For each of the customers we 
record their state at the beginning of 1998. These parameters are also used as input for 
the support tool. We then evaluate the theoretical long-term profit for this set of 
customers if a selected mailing policy is applied for a infinite number of years. The 
results also include the short-term expected profit.  
 
We do not compare our theoretical results with recorded results for a historical 
dataset, since the mailing policy of the fund is not based on strategic decision making. 
Instead we compare our theoretical results with a mailing policy that sends the 
maximum number (for this application the maximum is four) of mailings. We 
especially study the costs of management decisions using the same mathematical 
framework rather than comparing different mathematical models. Further justification 
of the mathematical model compared to other models can be found in Piersma and 
Jonker (2000). 
 
The results are given in Dutch guilders. We have calculated the net profit of the 
mailing strategy for the customer set given the distribution of these customers within 
one, two, up till 5 years and the long-run distribution (based on the steady state 
probabilities). We record the total net profit (in millions of guilders), the total number 
of mailings send to the customers in the dataset (in millions of guilders), the number 
of responses (in millions). Also we give the net profit per mailing (as the total net 
profit divided by the total number of mailings) and the net profit per response (i.e. the 
total net profit divided by the total number of responses). 
 
Insert Table 1, 2 and 3 
 
In Table 1, 2 and 3 we compare the optimal policy under scenario 1 with the naïve 
policy that sends four mailings to every customer. In Table 1 the statistics for the 
naïve strategy are recorded using a discount factor of 0.9. Table 2 and 3 record the 
statistics of scenario 1 for discount factor 0.1 and 0.9 respectively. With discount 
factor 0.1 future expected profits are considered to be relatively unimportant in the 
determination of the optimal policy and current profits are dominant. For discount 
factor 0.9 the future expected earnings are considered to be dominant in the 
determination of the optimal policy.  
 
The results clearly show the profitability of mailing optimization. In Table 1 the 
mailing pressure remains the same over the years, but the net profit decreases.  Both 
the number of responses and the profit per response decreases over time. Interestingly 
enough, the total number of responses and the total number of mailings is very high. 
The current practice to send out as many mailings as possible is justified by 
optimization criterion to maximize the total number of responses. But the total profit 
of the naïve strategy cannot match the total profit of the optimal mailing policy even 
though the number of responses is less for the optimal policy. This result holds for 
both discount factors. The customer segmentation therefore allows for a more 
profitable customized mailing policy. We conclude that sending out the maximum 
number of mailings will result into wasteful mailings, and over time causes irritation 
and reduced responses. However, sending three mailings to every customer will result 
into a long-run average expected net profit of only Hfl 3.67 million. Thus there should 
be a careful tradeoff between sending enough encouragment for a preferred response 
and not sending too many mailings. 
 
The results in Table 2 (discount factor 0.1, short-term profits are dominant) and Table 
3 (discount factor 0.9, long-term profits are dominant) show that maximizing long-
term profit is more profitable within two years. In the first year the short-term 
objective sends out many mailings (1.29 million versus 0.8 million for long-term 
objective), but in contrast to the maximum mailing pressure strategy the optimal 
short-term mailing policy can prevent the decay in the response, both in quality and in 
quantity. The long-term scenario will result into one “bad” year, where many 
customers do not receive a mailing during the entire year. However, the expected net 
profit can improve with 25% compared to the short-term scenario as is apparent from 
Table 2 and 3. The number of mailings and the number of responses for the long-term 
profitable objective is less than in Table 1 and 2, but the quality of the responses 
makes up for the loss in response. So in a theoretical setting, it should be possible to 
induce people to donate more by sending less mailings. 
 
Insert Table 4 and Table 5 
 Table 4 and Table 5 compare the different scenarios described in the previous section. 
Table 4 lists the statistics in the long-run for each scenario, when a discount factor 0.9 
is used in the optimization procedure. Table 5 shows the number of states (in 
percentage) that receive 0, 1, 2, 3 and 4 mailings per year for each scenario. For 
example, for scenario 1 and 4 the optimal policy advises to send 4 mailings to  43,6 % 
of the states. It appears that the equal weight scenario (nr 1) and the maximum 
participation scenario (nr 4) result into the same mailing policy. Scenario 3 
emphasizes the profitable customers. Comparing scenario 1 and 4 with scenario 3, we 
see in Table 4 and 5 that there is only a slight difference in profitability and in the 
actions towards the states. In particular only two states receive less mailings in the 
profitable states scenario, state 16 where four mailings are needed for one response 
and gift class 3 now receives only 1 instead of 4 mailings and state 43 with three 
responses to 4 mailings, but gift class 2 is considered not profitable enough for any 
future mailing. In the profitable states scenario (nr 3) the average reward per response 
is slightly higher and the number of mailings is less, as was to be expected from the 
set up of the scenario. The costs of this profitable strategy are approximately Hfl 
92.000 per year in the long-run. Hence, the profitable states scenario does send out 
fewer mailings, will result into fewer responses, and the quality of the responses is 
slightly better than the standard scenario. 
 
The efficient scenario (nr 2) seeks out to send less than four mailings, but this strategy 
leads to a substantial lower net profit in the short- and in the long-run compared to the 
other scenarios. Apparently there are a number of customer groups that need 4 
encouragements. If we increase the cost of a mailing the efficient scenario will 
become even more selective in the number of customer groups that receive at least 
one mailing. For example, if the cost per mailing is raised from 1 to 10 guilders, then 
the number of states receiving 0 mailings under scenario 2 is raised from 10,9% to 
34,5%. For the other scenarios the increase is not as large. As a result scenario 2 sends 
too few mailings and is still outperformed in profits by the other scenarios.  
 
 6. Management versus model 
 
In our decision support tool, we included the option to fix the action for states of the 
user’s choice. In the optimization procedure the action for such a state remains fixed 
and is not optimized. As a special case we already reported the results for the option 
to fix the action to 4 for each state; we called this the naïve scenario. But it is also 
possible to fix the action for only a subset of the states and to optimize the actions for 
the remaining states.  
 
The management of the fund was especially interested in the customers in state 0. 
This state contains new customers and customers who received no mailing in the 
previous year. We observe that the optimal policy in all the standard scenarios is to 
send four mailings to the customers in state 0. We wondered what the effect on the 
performance will be if we decide to overrule the decision to send no mailings and use 
another action in state 0. Table 6 shows the long-run statistics for the policy 
optimization where only state 0 has a fixed action. In first row the results are given if 
the action for state 0 is fixed to 0.  
 
Insert Table 6 and 7 
 
Observe that in the long-run there is no difference in the expected performance of 
scenario 1 if state 0 receives 1, 2 or 3 mailings. Only the extreme choices, sending 
inactive customers 0 or 4 mailings will lead to different performance. Sending 4 
mailings (the “nag them” scenario) is advised by the support system. When inactive 
customers are no longer approached, i.e. the “leave them alone” scenario, the result 
will be that no other state will have the optimal action to send 0 mailings. That is, the 
other customers will not enter state 0. In contrast, the optimal mailing policy without 
the fix for state 0 contains 5 states that have optimal action 0. These groups are not 
infinitely excluded from further mailings, but the advise is to refrain from sending 
mailings for one year. When the customers have entered state 0, they will again 
receive mailings in the next year.  These groups contain customers that need many 
mailings, respond often but donate small contributions. In the long-run 2.1% of the 
customers are expected to be in these states. When the inactive customers are no 
longer approached (fixed action 0 for state 0), the support systems advises to send 
these less profitable groups one mailing. Thus only the inactive customers in the first 
year are left alone, and more effort is made to approach the currently active 
customers. The same phenomenon is observed for the other standard scenarios.  
 
The fund management was also interested in sending one mailing to customer groups 
that in the optimal policy received no mailings. Again these customers are not 
profitable enough in the optimal policy to justify a mailing, but the management 
wondered what the effect is in the long-term performance if these customers are not 
excluded from the mailing list. Therefore we calculated the optimal policy, fixed the 
action to 1 for states that have action 0 in the optimal policy and recalculated the 
optimal policy.  The resulting policy did not include new states with action 0, so all 
customers receive at least one mailing. 
 
Both in the long-run and the short-run performance the difference is small, but the 
comparison clearly shows that the extra mailings will trigger extra responses from 
these customers with small donations. The number of responses does increase but the 
average contribution per mailing and per response will significantly decrease in the 
long-run.  
 
7. Conclusion 
 
In this paper we observe the mailing policy under various scenarios, showing that 
customer relations need to be defined carefully. Our first contribution to the literature 
is the development, estimation and testing of a dynamic programming model for a 
charity fund, and showing the specific needs for this application. The model provides 
mailing policies for multiple time periods, thus establishing a relationship with the 
customer over multiple time periods rather than seeking high profitable contributors 
and new contributors in each mailing occassion.  
Our second and main contribution is a careful discussion of the impact of objective 
functions on the mathematical model and the implications for the mailing policy. The 
results show that management goals often conflict with the optimization criteria used 
in the mathematical model. We compare different mailing philosophies with respect 
to overall profit and response percentage in the short- and the long-run. Optimizing 
long-term profits coincides with maximizing response percentage for our application. 
Apparently the cost of a mailing are small enough and every customer that is likely to 
respond will receive a mailing at every mailing occasion. When mailing cost become 
larger (for instance for catalogs) the maximal response scenario wil become less 
profitable.  
 
Finally, we describe a decision support model that helps the user to quantify the loss 
or profit by defining either weights for the importance that the user puts on a state or 
even the action that user wants for certain states. In the extreme case the user can fix 
the action for every state and the optimization model becomes a simple calculation 
tool for the profitability of the actions defined. This enables the user to evaluate 
previous mailing policies as well as mailing policies that the user is considering. The 
other extreme is to let the decision support tool decide on the action for every state 
and exhibit the profitability of these “optimal” (with respect to the scenario selected) 
actions. The decision tool is used  by the Dutch fundraiser who first used the model to 
answer simple management questions about the theoretical profitability of using 
mathematical models for mailing frequency their fund. Being satisfied with these 
predictions the fund then experimented with other mailing scenarios, and uses the 
results as a basis for current mailing decisions.  
 
A number of extensions are currently being implemented in the model. First the 
support tool is converted to the new European currency Euro. As a result the fund 
already observes that customers tend to round their donations to higher amounts. 
Since our model uses the size of the donations in the model, we will implement a 
correction as soon as the correction factor is known. Second the model is being 
extended to use updates of the parameter data. As mentioned the model basis its 
profitability on the distribution of a subset of the customers over the states in 1998. 
The user should have the opportunity to use other distributions. Likewise the 
transition probabilities can estimated based on the other data than the data from the 
time interval [1994,1999]. Jonker, Piersma and Van den Poel (2002) have used a 
bootstrap technique to reduce the error in the transition probabilities estimates. This 
correction is currently not implemented in the decision support tool. Finally, in the 
future we want to allow the user to change the state definition, and the number of 
states. The direct mailer is especially interested in sending more than 4 mailings per 
year. In order to do so, one should include an estimation procedure for the parameters  
of the model and link the support tool to a database.  
References  
Berger, P.D. and N.I. Nasr, Customer Lifetime Value: Marketing Models and 
Applications, Journal of Interactive Marketing, Vol 12, 17-30, 1998. 
 
Bitran, G.R. and S.V. Mondschein, Mailing Decisions in the Catalog Sales 
Industry , Management Science, Vol 42, 1364-1381, 1996. 
 
Bult, J.R. and T. Wansbeek, Optimal Selection for Direct Mail, Marketing Science, 
Vol 14, 378-394, 1995. 
 
Gönül, F. and M.Z. Shi, Optimal Mailing of Catalogs: A New Methodology Using 
Estimable Structural Dynamic Programming Models , Management Science, Vol 44, 
1249-1262, 1998. 
 
Jonker, J.-J., J., Piersma, N. and D. Van den Poel, Joint Optimization of Customer 
Segmentation and Marketing Policy to Maximize Long-Term Profitability, 
Econometric Institute Report EI 2002-18, Erasmus University, 2002. 
 
Levin, N. and J. Zahavi, Segmentation Analysis with Managerial Judgment, 
Journal of Direct Marketing, Vol 10, 28-37, 1996. 
 
Piersma, N. and J.-J. J. Jonker, Determining the Direct Mailing Frequency with 
Dynamic Stochastic Programming, Econometric Institute Report EI2000-34/A, 
Erasmus University, 2000. 
 
Potharst, R., U. Kaymak and W. Pijls, "Neural Networks for Target Selection in 
Direct Marketing", in: Kate A. Smith and Jatinder N. D. Gupta (eds.) Neural 
Networks in Business: Techniques and Applications, Idea Group Publishing, ISBN 1-
930708-31-9, pp.89-110, 2002. 
 
Puterman, M. L., “Markov Decision Processes: Discrete Stochastic Dynamic 
Programming”, Wiley-Interscience; ISBN: 0471619779, 1994. 
 
Roberts, M.L. and P.D. Berger, Direct Marketing Management, Englewood Cliffs, 
New Jersey: Prentice Hall, Inc, 1999. 
 
Ross, S., “Introduction to Stochastic Dynamic Programming, New York, Academic 
Press, 1983. 
 
Tijms, H.C., “Stochastic Models : An Algorithmic Approach (Wiley Series in 
Probability and Mathematical Statistics), John Wiley & Sons; ISBN: 0471943800, 
1994. 
Table 1 Profits from sending four mailings to every customer , discount factor 0.9 
Year Reward3 #Mails4 #Responses2 Reward/Mail Reward/Response
1 15,6703 1,29789 0,4753 12,07 32,97 
2 14,6089 1,29789 0,4606 11,26 31,72 
3 13,7451 1,29789 0,4489 10,59 30,62 
4 13,2244 1,29789 0,4412 10,19 29,97 
5 12,9632 1,29789 0,4369 9,99 29,67 
Long run 12,8571 1,29789 0,4350 9,91 29,55 
 
Table 2 Optimal strategy profits, Scenario 1, discount factor 0.1 
Year Reward #Mails #Responses Reward/Mail Reward/Response
1 15,7931 1,28986 0,4591 12,24 34,40 
2 15,6293 1,22631 0,4268 12,75 36,62 
3 15,6881 1,23894 0,4262 12,66 36,81 
4 15,5215 1,23558 0,4185 12,56 37,09 
5 15,4149 1,23683 0,4151 12,46 37,14 
Long run 15,2433 1,23795 0,4099 12,31 37,19 
 
Table 3 Optimal strategy profits, Scenario 1, discount factor 0.9 
Year Reward #Mails #Responses Reward/Mail Reward/Response
1 12,2709 0,82471 0,3037 14,88 40,40 
2 21,2802 1,10371 0,4590 19,28 46,37 
3 20,0452 0,99596 0,3941 20,13 50,86 
4 20,4365 1,01725 0,3991 20,09 51,20 
5 20,1622 0,99464 0,3857 20,27 52,28 
Long run 20,2538 0,99701 0,3841 20,32 52,73 
  
Table 4 Optimal long term profits, Scenario 1-4, discount factor 0.9 
Scenario Reward #Mails #Responses Reward/Mail Reward/Response
1 20,2538 0,99701 0,3841 20,32 52,73 
2 17,3988 0,87924 0,3424 19,79 50,82 
3 20,1612 0,96967 0,3815 20,79 52,85 
4 20,2538 0,99701 0,3841 20,32 52,73 
 
Table 5 Action Distribution (in %) 
Scenario Action 0 Action 1 Action 2 Action 3 Action 4 
1&4 9,1 29,1 0 18,2 43,6 
2 10,9 32,7 5,5 32,7 18,2 
3 10,9 29,1 0 18,2 41,8 
 
Table 6 Long run performance when action in state 0 is fixed,  
Scenario 1, discount factor 0.9 
Action Reward #Mails #Responses Reward/Mail Reward/Response 
0 19,5224 0,97407 0,3869 20,04 50,45 
1,2,3 20,1817 1,00696 0,4000 20,04 50,45 
4 20,2538 0,99701 0,3841 20,32 52,73 
 
Table 7 Long run performance when all states with optimal action 0  
is fixed to action 1, Scenario 1, discount factor 0.9 
Scenario Reward #Mails #Responses Reward/Mail Reward/Response 
standard 20,2538 0,99701 0,3841 20,32 52,73 
alternative 20,1817 1,00696 0,4000 20,04 50,45 
                                                          
3 The reward is given in millions of Dutch Guilders 
4 The number of mails and number of responses is given in millions 
 
 
Table 8 Distribution of the customers over the states in every year 
states 1994 1995 1996 1997 1998 1999  #mailings 
average 
gift size #reacties
0 171440 46688 38067 57394 10600 10488  0 0,0 0 
1 23720 86704 15996 23017 93744 108678  1 0,0 0 
2 0 95740 114889 48459 31481 30521  2 0,0 0 
3 0 0 9800 52313 35481 29922  3 0,0 0 
4 0 0 3200 10187 21808 14324  4 0,0 0 
5 3592 13690 2010 116 435 415  1 4,7 1 
6 7851 978 10185 1844 1639 3660  2 4,7 1 
7 0 0 975 6529 5274 645  3 4,8 1 
8 0 0 16 795 1389 1395  4 5,0 1 
9 11418 41354 1594 386 1009 1315  1 10,8 1 
10 23949 10021 20191 3466 5155 11414  2 10,8 1 
11 0 3 13673 21114 13090 5239  3 11,9 1 
12 0 0 1729 7260 13610 4083  4 11,5 1 
13 5564 12705 595 276 484 356  1 25,1 1 
14 11058 8830 4985 954 1996 2245  2 24,7 1 
15 0 3 6027 6714 4530 4801  3 24,4 1 
16 0 0 5973 9866 12527 1614  4 25,1 1 
17 828 1800 56 40 70 59  1 51,1 1 
18 1552 1162 538 82 279 167  2 51,5 1 
19 0 2 856 575 526 315  3 51,0 1 
20 0 0 1303 2107 2371 347  4 51,7 1 
21 313 638 22 10 29 28  1 168,9 1 
22 652 483 154 33 89 42  2 162,7 1 
23 0 1 332 149 221 44  3 156,8 1 
24 0 0 684 975 1023 154  4 200,9 1 
25 2217 6 1567 73 102 166  2 5,2 2 
26 0 0 113 754 707 42  3 5,2 2 
27 0 0 4 146 195 102  4 5,3 2 
28 10035 107 4594 245 485 848  2 11,6 2 
29 0 0 1767 3491 2554 346  3 11,6 2 
30 0 0 75 1395 1635 479  4 12,5 2 
31 36033 1800 6176 527 1695 2327  2 24,5 2 
32 0 5 13178 8610 6075 2167  3 23,4 2 
33 0 0 3702 10176 11533 1799  4 26,7 2 
34 12052 1484 472 107 471 237  2 53,5 2 
35 0 2 2479 1331 1417 599  3 52,7 2 
36 0 0 4478 5514 5546 606  4 53,7 2 
37 2198 264 55 17 102 32  2 141,4 2 
38 0 1 455 123 211 27  3 142,0 2 
39 0 0 1018 1267 1152 127  4 157,2 2 
40 0 0 84 469 443 19  3 6,6 3 
41 0 0 0 193 168 41  4 6,8 3 
42 0 0 1390 1269 1136 83  3 14,9 3 
43 0 0 12 1061 1020 140  4 15,2 3 
44 0 1 10348 2877 3088 463  3 31,2 3 
45 0 0 2409 8359 7456 821  4 33,3 3 
46 0 0 2155 570 1014 195  3 68,0 3 
47 0 0 4221 4782 4113 393  4 69,7 3 
48 0 0 464 104 211 15  3 161,6 3 
49 0 0 1111 1239 1066 104  4 175,7 3 
50 0 0 0 219 181 23  4 7,8 4 
51 0 0 2 204 147 23  4 15,2 4 
52 0 0 1625 7305 5872 434  4 37,0 4 
53 0 0 2965 3539 2792 161  4 68,0 4 
54 0 0 3703 3845 3025 170  4 143,0 4 
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